Road traffic crash data are useful tools to support the development, implementation, and assessment of highway safety programs that tend to reduce road traffic crashes. Collecting road traffic crash data aims at gaining a better understanding of road traffic operational problems, locating hazardous road sections, identifying risk factors, developing accurate diagnosis and remedial measures, and evaluating the effectiveness of road safety programs. Furthermore, they can be used by many agencies and businesses such as: law enforcements to identify persons at fault in road traffic crashes; insurers seeking facts about traffic crash claims; road safety researchers to access traffic crash reliable database; decision makers to develop long-term, statewide strategic plans for traffic and highway safety; and highway safety administrators to help educate the public. Given the practical importance of vehicle crash data, this paper presents an overview of the sources, trends and problems associated with road traffic crash data.
Introduction
Throughout the world, cars, buses, trucks, motorcycles, pedestrians, animals, taxis and other categories of travelers, share the roadways, contributing to economic and social development in many countries. Yet each year, many vehicles are involved in crashes that are responsible for millions of deaths and injuries.
Globally, every year, about 1.25 million people are killed in motor vehicle crash-es and approximately 50 million more are injured. Vehicular crashes are the world's leading cause of death for individuals between the ages of one and twenty-nine [1] . Following current trends, about two million people could be expected to be killed in motor vehicle crashes each year by 2030 [1] . Currently, road crashes are ranked as the ninth most serious cause of death in the world, and without new initiatives to improve road safety, fatal crashes will likely rise to the third place by the year 2020 [1] . In developed countries, road traffic death rates have decreased since the 1960s because of successful interventions such as seat belt safety laws, enforcement of speed limits, warnings about the dangers of mixing alcohol consumption with driving, and safer design and use of roads and [2] . In Canada, the number of road traffic fatalities has declined by about 62.0 percent from 1990 to 2014, and the number of injuries has declined by about 68.0 percent during the same period [3] . However, traffic fatalities have increased in developing countries from 1990
to 2014 (i.e. 44 .0 percent in Malaysia and about 243.0 percent in China) [1] . Developing countries bear a large share of the burden, accounting for 85.0 percent of annual deaths and 90.0 percent of the disability-adjusted life years. More than one-half of all road traffic deaths globally involve people ages 15 to 44, during their most productive earning years. Moreover, the disability burden for this age group accounts for about 60.0 percent of all disability-adjusted life years. The costs and consequences of these losses are significant. Three-quarters of all poor families who lost a member in a traffic crash reported a decrease in their standard of living, and about 61.0 percent reported having to borrow money to cover expenses following their loss [4] . The World Bank estimates that road traffic injuries cost 2.0 percent to 3.0 percent of the Gross National Product of developing countries, or twice the total amount of development aid received worldwide by developing countries [5] . Crash-related fatalities and injuries can be prevented or at least minimized by a joint involvement from multiple sectors (i.e. transportation agencies, police, health departments, education institutions) that oversee road safety, vehicles, and the drivers themselves. Effective interventions include design of safer infrastructure and incorporation of road safety features into land-use and transport planning; improvement of vehicle safety features; improvement of post-crash care for victims of road crashes, and improvement of driver behavior, such as setting and enforcing laws relating to key risk factors, and raising public awareness [6] . In addition, vehicular crash data can assist with the development of generalized theories concerning road safety. A range of basic laws have been put forth to help explain the relationship between the occurrence of road crashes and potential risk factors, such as: the universal law of learning, which implies that the crash rate tends to decline as the number of kilometers travelled increases; the law of rare events, which states that rare events, such as environmental hazards, would have more effect on crash rates than regular events; and the law of complexity, which implies that the more complex the traf-A. Abdulhafedh fic situation road users encounter, the higher the probability of crash occurrence [7] . Although transportation agencies often try to identify the most dangerous road sites, and put great efforts into preventive measures, such as illumination and policy enforcement, the annual number of traffic crashes has not yet significantly decreased. For instance, 35,092 traffic fatalities were recorded in the US during 2015, an increase of 7.2% as compared to the previous year [8] . The fatality rate per 100 million vehicle miles traveled increased 3.7% from 2014-2015.
Thirty-five States had more motor vehicle fatalities in 2015 than in 2014. Given this trend, it is imperative to gain a better understanding of crash data sources, trends and problems.
The Importance of Collecting Vehicular Crash Data
Vehicular crash data are used to respond to requests from the congress, federal agencies, state and local governments, universities and research organizations, highway safety communities, the media, and private citizens. Accurate data are required to support the development, implementation, and assessment of highway safety programs aimed at reducing crash tolls. An example of the practical importance of collecting and maintaining vehicular crash data is the recent emerging of the crash data retrieval tools, commonly referred to as the vehicle black boxes. Based upon a rule imposed by the National Highway Traffic Safety Administration (NHTSA), most vehicles manufactured and sold in North America after 2012 are equipped with Event Data Recorders (EDRs) that collect, store, and retrieve vehicle crash event data. The EDRs can help law enforcement investigating vehicle crashes to recover crucial crash data parameters from a vehicle that has been involved in a crash, including pre-crash data that will help better understand important factors that led to the crash occurrence [9] . Another practical example is the use of the Crash Outcome Data Evaluation System (CODES), which is a program managed by NHTSA, to link crash records to injury outcome records collected at the scene by emergency medical services.
CODES data has been utilized to improve traffic safety issues in different ways, such as examining whether the increased crash rates for teen drivers have resulted in an increased injury to their passengers, and exploring the seat belt usage in preventing injuries and fatalities. CODES data has also been used to inform and educate traffic safety decision-makers at federal, state, and local levels in many circumstances, for instance, providing federal and state legislators with CODES reports on the importance of seat belt use in preventing injuries and fatalities; delivering data to the state highway administrations to develop longterm, statewide strategic plans for traffic and highway safety; and publishing CODES fact sheets that can help educate the public [10] .
Road Traffic Data Collection Methods
Most studies of traffic related problems begin with the collection of data. Generally, traffic data collection methods can be classified as one of two categories: intrusive and non-intrusive methods. Intrusive methods typically involve a data A. Abdulhafedh recorder and a sensor placing on or in the road [11] . The most common intrusive devices are:
• Pneumatic road tubes: rubber tubes placed across the road lanes to detect vehicles from pressure changes that are produced when a vehicle tire passes over the tube. The pulse of air that is created is recorded and processed by a counter located on the side of the road. The main drawback of this technology is that it has limited lane coverage and its efficiency is subject to weather, temperature and traffic conditions.
• Piezoelectric sensors: sensors are placed in a groove along roadway surface of the lane(s) monitored. The principle is to convert mechanical energy into electrical energy. The amplitude and frequency of the signal is directly proportional to the degree of deformation.
• Magnetic loops: this is the most conventional technology used to collect traffic data. The loops are embedded in roadways in a square formation that generates a magnetic field. The information is then transmitted to a counting device placed on the side of the road. This has a generally short life expectancy because it can be damaged by heavy vehicles, but is not affected by bad weather conditions. Non-intrusive techniques are based on remote observations ranging from human observation to those based on new technologies [12] :
• Manual counts: Trained observers gather traffic data such as vehicle occupancy rate, pedestrians and vehicle classifications that cannot be efficiently obtained through automated counts. Equipment needs are rather basic with the observers usually requiring only a tally sheet, mechanical and/or electronic counting devices.
• Passive and active infra-red sensors: the presence, speed and type of vehicles can be detected based on the infrared energy radiating from the detection area. The main drawbacks of this method are the sensor's performance during bad weather, and limited lane coverage.
• Passive magnetic sensors: magnetic sensors can be fixed under or on top of the roadbed. The sensors record the number of vehicles, their type and speed.
However, in some operating conditions, the sensors have difficulty differentiating between closely spaced vehicles.
• Microwave radar sensors: these sensors can detect moving vehicles and record vehicle counts, speed and vehicle classification and are not usually compromised by weather conditions.
• Ultrasonic and passive acoustic sensors: these devices emit sound waves to detect vehicles by measuring the time for the signal to return to the device.
The ultrasonic sensors can be placed directly over the lane or alongside the road to collect vehicle counts, speed and classification data However, the collection ability of these sensors can be adversely affected by temperature or bad weather.
• Video image detection: video cameras can be used to record vehicle numbers, type and speed by means of different video techniques e.g. trip line and A. Abdulhafedh tracking. Video detection systems can be sensitive to weather conditions. The Floating Car Data (FCD) can be used to collect traffic data by locating the vehicle via mobile phones or GPS over the entire road network. Data such as car location, speed and direction of travel can then be sent anonymously to a central processing center. After being collected and extracted, useful information can be redistributed to the drivers on the road [13] .
There are two important traffic measures that are widely used in modeling traffic data, namely: the average annual daily traffic (AADT); and the vehicle miles travelled (VMT). These two traffic variables, usually derived from fixed sensors measurements, play a key role in traffic crash analysis and policy decisions [14] . AADT is the average (calculated over a year) number of vehicles passing a point along a particular counting section each day. Thus, AADT represents the vehicle flow over a road section (e.g. highway segment) on an average day of the year. Methods for calculating AADT are generally based on data from two types of counts: permanent automatic traffic counts and short-period traffic counts. A combination of these two measurements is generally used to obtain an AADT estimate over a larger road network. In the US, the factoring method is a common methodology used to estimate AADT. This method has been adopted by many transportation agencies as a standard protocol corresponding with federal guidelines. The 2013 Traffic Monitoring Guide serves as a reference document that provides general guidance on the development of traffic monitoring programs for highway agencies. In particular, the TMG provides guidance on the collection of traffic volume, vehicle classification, and weight information [15] . VMT refers to the distance travelled by vehicles. It is often used as an indicator of traffic demand and for analyzing mobility patterns and travel trends. It plays a key role in various important decision-makings such as air quality compliance, roadway pavement maintenance, and crash analysis.
There are four methods commonly used to calculate VMT [16] :
• Odometer readings (vehicle-based method) at regular vehicle inspections, the average distance travelled by the vehicles is determined and then multiplied by the number of road vehicles.
• Traffic counts (road-based method) for one considered link, the VMT is calculated by multiplying the AADT by the length of the link. VMT for a roadway can then be obtained by summing the VMT of each segment.
• Driver survey questionnaires sent to households with one or more cars soliciting information such as the number of miles driven by each vehicle during the whole year and unit consumption.
• Fuel consumption the volume of road traffic is estimated from information about fuel supply and fuel consumption as derived from estimates of miles driven per fuel gallon for typical types of vehicles.
Sources of Vehicular Crash Data
In the U.S., a variety of efforts to collect, maintain and/or distribute information on vehicular crash data have been utilized. Some of the crash data sources that A. Abdulhafedh are publicly available are listed below: [17] . However, one of the FARS data weaknesses is that FARS data cannot be downloaded for multiple years at a time due to the system complexities, and when data is downloaded from FARS website, the user can obtain data by only one variable at a time. In addition, as mentioned above, the FARS data does not provide the injury-severity only crashes, and property-damage only crashes.
Fatality Analysis Reporting System (FARS)
FARS
The NASS-GES
The National Automotive Sampling System (NASS)-General Estimates System (GES) obtains its data from a representative crash sample selected from more than five million police-reported crashes annually in the US. These crashes include those that result in a fatality or injury and those involving major property damage as well. The data are obtained by NASS-GES data collectors in 60 geographic sites across the United States. These data collectors make visits to approximately 400 police agencies within the 60 sites, where they randomly sample A. Abdulhafedh about 50,000 crashes per year. NASS-GES data are made available to the public in Statistical Analysis System (SAS) data files as well as Database Files (DBF).
The main SAS data files of NASS-GES include similar FARS files mentioned above. The temporal coverage of the NASS-GES data includes variables such as, time of the crash, the date, the month, and the year. The spatial coverage only includes the land use of the crash location without providing the latitude and longitude of the crash location or the x, y coordinates. One weakness in NASS-GES data is that it uses a weighted data element that produces the overall national estimates that may differ from the true state-level values because they are based on a probability sample of crashes among the country, and this cannot give the accurate state-level estimates, which decreases the reliability of the data.
Another weakness is that the NASS-GES data are obtained either directly from the police accident report (PAR) or by interpreting the information provided in the PAR through reviewing the crash diagram, or combinations of data elements on the PAR. Because of this interpretation, an important portion of data can be missing in the system [18] .
The NASS-CDS
The National Automotive Sampling System (NASS)-Crashworthiness Data System (CDS) obtains its data from 24 geographic sites in the US. These data are weighted to represent all police reported motor vehicle crashes occurring in the USA during the year including light vehicles, such as, passenger cars, SUVs, and vans. The NASS-CDS files are available in a Statistical Analysis System (SAS) dataset, and contain similar FARS files. The NASS-CDE system provides temporal coverage of data through variables such as, time of the crash, the date, the month, and the year. There is no spatial coverage within the NASS-CDS data, as it does not provide the latitude and longitude of the crash location nor the x, y coordinates. One weakness of the NASS-CDS data is that the data from these crashes are weighted to produce national estimates, and cannot give the statelevel estimates, which decreases the reliability of data [19] .
The State Data System (SDS)
The State Data System (SDS) is maintained by NHTSA's National Center for Statistics and Analysis (NCSA), and only thirty-two states are participating in the system, including the state of Missouri. While the (FARS) only has fatal crash data, SDS provides data on injury and property-damage-only crashes as well. In contrast to the data in (NASS-GES), the SDS consists of census data taken directly from police accident reports. The law enforcement agencies within a state are the primary source of information on crashes occurring within a state. 
The Highway Safety Information System (HSIS)
The Highway Safety Information System (HSIS) is a highway data system 
The U.S. Census Bureau
The U.S. Census Bureau is part of the Department of Commerce, and is overseen by the Economics and Statistics Administration. The transportation section within the online database provides data on civil air transportation, water transportation, revenues, passenger and freight traffic volume, trains, highway mileage and finances, highway crash data, characteristics of public transit, and railroads. Data are available in excel format for public use [23] .
The SHRP2-NDS
The Strategic Highway Research Program 2-Naturalistic Driving Study (SHRP2-NDS) is an online database related to the Transportation Research Board (TRB)'s second safety project for an in-vehicle driving behavior field study collected from naturalistic driving data and associated participant, vehicle, and crash-related data. The project was conducted by six site contractors located at geographically distributed data collection sites throughout the United States and more than 3000 individuals participated in the study. Given that the SHRP 2-NDS is a federally funded study that involves human subjects, the collection of the data and its use in analysis are subject to the approval of institutional review boards. The SHRP 2-NDS database is managed by the Virginia Tech Transportation Institute, and researchers interested in accessing the data must demonstrate that they are qualified researchers seeking the data for research purposes [24] .
The Center for Advanced Public Safety (CAPS)
The Center for Advanced Public Safety (CAPS) is a research center at the University of Alabama that deals with vehicular crash data, and traffic safety improvements, among other research areas. CAPS has developed a tool for crash data analysis called the Critical Analysis Reporting Environment (CARE), which has many useful analytical functions such as, frequency distributions, cross-tabulations, and statistical significance tests. CARE can compare the performance of one subset of data against another in terms of all potential variables that could demonstrate performance differentials. CARE analysis software is free to download and is required to analyze and visualize the electronic data contained within CAPS datasets. The CAPS online crash datasets are free to download, and contains a variety of crash data files that mainly belongs to the state of Alabama, such as the vehicle crash files, the driver data file, the person data file, and the road data file [25] .
Count Data
When discussing traffic crash data, it is important to differentiate between a count, and count data. The term count typically refers to an enumeration of events.
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Count data, on the other hand, refers to the observations made about events that are enumerated [26] . A common quality of count data is that (0.0) is the most frequently observed value, (1.0) is the next most observed, (2.0) the next, and so on. Use of count data is widespread in many disciplines, including transportation engineering. Examples of count data applications in transportation include the number of driver route changes per day, the number of trip departure changes per week, number of vehicles waiting in a queue, and the number of crashes observed on road segments per some time period, such as a year, or five years. Count data are often described as random events, sporadic (i.e. isolated or scattered), rare, discrete, not continuous, and non-negative integers [27] . One frequent pitfall is to model count data as continuous data by applying an ordinary least square regression [28] . This approach is inappropriate because regression models can produce predicted values that are non-integers and can also predict values that are negative, both of which are inconsistent with count data. 
Common Problems with Crash Data
Crash data suffer from some problems or issues that have been identified over the years. These problems are a potential source of error in modeling crash data that may cause incorrect estimates and inferences. These issues are summarized below:
• Over-dispersion: over-dispersion occurs when the observed variance exceeds the theoretical variance of the crash counts, which violates the assumption of the most common count-data modeling approach. Over-dispersion in crash data can result from a variety of factors, such as the clustering of data, unaccounted temporal correlation, and model miss-specification (Cameron and Trivedi 1998). When data are over-dispersed, estimation of a crash model can lead to biased parameter estimates, which in turn could lead to incorrect inferences regarding the factors that determine crash-frequencies [29] [30] [31] [32] .
• Under-dispersion: under-dispersion occurs when the observed variance of the crash counts is smaller than the assumed (i.e. theoretical) variance, and most likely to occur with small sample sizes. Although rare, however, under-dispersion can lead to incorrect parameter estimates and crash prediction [29] [31] [32] [33] .
• Small Sample Size: crash data collection process may be expensive, therefore crash data are sometimes characterized by a small number of observations A. Abdulhafedh (i.e. small sample size), which can produce low sample-mean. Small samples can cause estimation problems in traditional count prediction models. For example, with small sample sizes, the maximum likelihood estimation of parameters could produce insufficient results [34] [35] . Also, it was shown that the dispersion parameter of the negative binomial model can be incorrectly estimated when using data characterized by a small sample size and low sample mean [36] .
• Time Interval Variations: crash data are typically collected over some time period, such as one year, three years, and five years. Over the collection period, some explanatory variables and their relationship to the crash incidents may change a reality that is not usually considered due to the lack of detailed data within the collection period. Ignoring within-period variation in explanatory variables may result in biased estimation of parameters and incorrect prediction of crashes as a result of unobserved heterogeneity [28] [35] .
• Temporal and Spatial Autocorrelations: the prediction of crash models can be improved when several years of crash data are utilized, such as a period of three years instead of one year [37] . However, this means that the same roadway entity will generate multiple observations, which will be correlated over time because many of the unobserved effects associated with a specific roadway entity will remain the same over time. This phenomenon is termed temporal autocorrelation, which can adversely affect the precision of parameter estimates. Similarly, correlation of observations over space can exist given that roadway entities may be in close proximity and may share unobserved effects. This phenomenon is termed spatial autocorrelation and if not appropriately addressed, can also lead to incorrect parameter estimates [38] [39] [40] [41] [42] .
• Omitted-Variables Bias: modeling crash prediction with few explanatory variables could produce simplified models with omitted-variables bias.
Leaving out important explanatory variables can result in biased parameter estimates and incorrect inferences, especially if the omitted variable is correlated with variables included in the model, which is often the case [43] [44] [45] [46] .
• Under-Reporting: traffic crash data may suffer from under-reporting effects, especially for minor and less severe crashes. The unknown parameters in the models are generally estimated assuming random sampling from the population, therefore, if under-reporting is not accounted for, then it could result in biased samples that are likely to produce incorrect parameters in the model-estimation process [28] [44] [47] .
• Non-Linear Relationships Bias: many crash prediction models assume that explanatory variables influence the dependent variables in linear manner.
However, it has been shown that non-linear functions can often better characterize the relationships between crash frequencies and explanatory va- 
Conclusion
Road traffic crash data are useful tools to support highway safety programs that tend to reduce road traffic crashes. They can be used by many authorities such as: law enforcements to identify persons at fault in road traffic crashes; insurers seeking facts about traffic crash claims; road safety researchers to access crash reliable database; decision makers to develop long-term, statewide strategic plans for traffic and highway safety; and highway safety administrators to help educate the public. Given such trends, this paper presented a general overview of the sources, collection methods, and problems associated with crash data to better gaining an understanding of road traffic operational problems, locating hazardous road sections, identifying risk factors, developing accurate diagnosis and remedial measures, and evaluating the effectiveness of road safety programs.
